Abstract-Agroecosystems play an important role in providing economic and ecosystem services, which directly impact society. Inappropriate land use and unsustainable agricultural management with associated nutrient cycles can jeopardize important soil functions such as food production, livestock feeding, and conservation of biodiversity. The objective of this study was to integrate remotely sensed land cover information into a regional land management model (LMM) to improve the assessment of spatially explicit nutrient balances for agroecosystems. Remotely sensed data and an optimized parameter set contributed to an improved LMM output, allowing for a better land allocation within the model. The best input parameter combination was based on two different land cover classifications with overall accuracies of 98%, improving the land allocation performance compared with using nonspatially explicit input. We conclude that the combined use of remote sensing data and the LMM has the potential to provide valuable guidance for farm practices. It further helps to generate a spatial description of farm-level nutrient balance, a crucial ability when choosing policy options related to sustainable management of agricultural soils.
I. INTRODUCTION

I
NAPPROPRIATE management of agroecosystems can affect fundamental provisioning of ecosystem services [1] . Generally, intensification of agricultural land use degrades biodiversity, air quality, water, and soil, and simplifies landscapes [2] , [3] by converting heterogeneous crop mosaics into homogeneous patterns. One of the most significant problems is the measurement of biogeochemical flows within agroecosystems and the assessment of changes caused by intensification M. Gómez Giménez, R. de Jong, and M. E. Schaepman are with the Remote Sensing Laboratories, Department of Geography, University of Zurich, Zurich CH-8057, Switzerland (e-mail: marta.gomez@geo.uzh.ch; rogier.dejong@geo.uzh.ch; michael.schaepman@geo.uzh.ch).
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Digital Object Identifier 10.1109/JSTARS.2016.2551729 [4] . In particular, excessive input of phosphorus (P) and nitrogen (N) to agricultural soils increases the risk of soil quality degradation [5] . Given the diverse topography, climatic conditions, geology, and soil types in Switzerland, agricultural systems are relatively heterogeneous and managed by many small farms. The average farm size in Switzerland is only 18 ha [6] . In the past, intensification of Swiss agriculture after 1950 led to an increase in productivity. An additional suite of environmental problems arose, related to increasing N and P inputs to the agricultural system [7] . As a consequence, in the early 1990s, the Swiss agricultural policy was reframed and ecological programs were introduced to promote sustainability and meet market demands [8] , [9] . Since the mid-1990s, agricultural management was linked to direct payments based on the environmental performance of farms. Integrated production schemes as well as organic agriculture options imposed certain environmental management requirements such as equilibrating the nutrient balance at farm level, crop rotation schemes, and soil protection activities, etc. [7] , [9] . As a result, the surplus of nutrients decreased markedly, but not to the level specified by mitigation policies. In 2008, the national nutrient balance still indicated a nutrient surplus averaging at 108 kg·N·ha −1 and 5.5 kg·P·ha −1 , still largely exceeding most crop requirements [7] .
Consequently, Swiss Agricultural Policy was adapted to better monitor and predict the impact of agricultural management on soil quality [8] , [9] . The new policy measures specifically aimed to identify areas prone to N and P accumulation ("hotspots"), and fostered sustainable agricultural management including associated nutrient cycles in agricultural systems, without jeopardizing biodiversity and conservation goals. In order to provide a quantitative model-based assessment of those policy changes, a land management model (LMM) was established, permitting the assessment of the spatially explicit nutrient balance for regional agroecosystems with sizes on the order of several hundred square kilometer [10] . The LMM is based on a downscaling approach [11] and calculates nutrient balance at the soil surface, with special emphasis on macronutrients such as N and P. The model uses geo-referenced annual farm census data for parcel allocation to farms. The LMM was extended in this study to improve this allocation procedure by incorporating the use of spatially explicit land information derived from RS data.
Regional modeling of the nutrient balance for an agroecosystem requires spatially distributed land information [12] , apart from other data sources. Land information includes land cover, land use, and land management. Land cover "is the observed biophysical cover on the Earth's surface; land use is characterized by the arrangements, activities, and inputs that people undertake in a certain land cover type to produce, change, or maintain it" [13] . Both terms are frequently used interchangeably [14] , in part because they are strongly related. Changes in land use cause changes in land cover and vice versa. In particular, mapping studies based on RS are often characterized by legends entangling land cover and land use terminology [15] . Land use implies land management practices that are defined as the presence of human activities that affect land cover [16] , [17] .
Timely and accurate land cover information is important for improving regional resource management, such as the optimization of N and P use efficiency of fertilizer input, as well as related policy formulation. Therefore, the need for land planning and management information goes hand in hand with the need for land cover information, which is an indicator of the value that society attributes to the land-and this is ultimately the basis for the decisions made [18] . RS can fundamentally contribute to these needs by making data available in support of sustainable land management practices [19] - [21] .
Recent studies have tackled the integration of farm statistics (e.g., farm surveys) and land cover information derived from RS sources (e.g., CORINE Land Cover [22] , [23] ) for use in regional models. The spatial accuracy requirements of regional models are dependent on the spatial resolution of input data [24] , [25] . However, the impact on the model performance under spatial constraints linked to RS input data has hardly been investigated.
The objective of this study was to integrate remotely sensed land cover information into a regional LMM, which assesses spatially explicit nutrient balance for agroecosystems. The main goal of this integration was to improve the land allocation procedure within the model processing chain, on which all remaining processing stages rely on. As a consequence, the allocation procedure impacted the sustainability assessment carried out with the model. We mapped a regional agroecosystem in Switzerland (67 km 2 ), managed by approximately 250 farms, consisting mainly of dairy and mixed farms. Two land-cover classifications schemes were employed, containing bare soil and grassland. They were subsequently classified as arable land or permanent grassland; these are the major land use types for this regional case study. Finally, different variables derived from the RS data as input to the LMM were analyzed to study their impact on the LMM performance.
II. STUDY AREA
The study area (see Fig. 1 ) is located within the Canton of Zurich (47.3667°N, 8.5500°E), Switzerland. The average altitude is 556 m above sea level (a.s.l.), and the total extent about 67 km 2 , from which 41 km 2 are agricultural land (2013). It is a rich and heterogeneous floristic region [26] located in the Swiss plateau (cf., Fig. 1, inset) . The study area is at the transition zone between arable farming focusing on crop production, as well as dairy and mixed farming systems managing grasslands. The latter dominates the study area, with both milk and meat production in common. The area is characterized by a relatively elevated mean precipitation rate of 1134 mm per year, a yearly average temperature of 9.3°C [27] , and a wide range of soil types. In total, permanent grassland accounts for 60% of the agricultural area, while 39% is used for arable land use. Furthermore, for about half of the arable fields, temporary grassland in crop rotation was observed in 2013. The main crop types are maize silage and corn, winter wheat, triticale, and winter barley. Special crops such as orchards, vineyards, or vegetables accounted for only about 1% of the agricultural area.
The number of farms managing the agricultural land has remained quite stable over the last decade, at between 241 and 265 individual farms [28] . The majority of these specialize in mixed dairy, meat, or milk production. Only a few are specialized in arable farming and special crops.
III. METHODS AND MATERIALS
A. Land Management Model
The LMM calculates yearly spatially explicit nutrient balance for Swiss agroecosystems based on available farm census and land use data. The balance approach is a simple soil surface balance [29] accounting for all fertilizer inputs minus the nutrient export by crops excluding further possible processes such as erosion, surface flow, bioturbation, or leaching of nutrients to deeper soil layers.
The LMM algorithm follows a stepwise approach (see Fig. 2 ). The process starts using rule-based distribution mechanisms to allocate agricultural data spatially to the utilized agricultural area (UAA) belonging to an individual farm. UAA is defined in article 14 of the Swiss ordinance about agricultural terms and exploitation forms [30] and it is composed by arable land and permanent grassland among other categories. In the second step, nutrient balances at farm level are calculated using the farm census data together with average values of N and P concentration in manure and crops [31] , [32] . Next, a simulation of manure trading between farms is carried out following the rules provided by the national program "proof of ecological performance" (PEP) to promote a more even distribution of nutrients over the agricultural land area. Experimental farm statistics and expert interviews completed the dataset to estimate the application of manure and commercial fertilizers to each land unit. As the conditions set by the PEP program are directly linked to agricultural subsidies, they are also valid for the majority of the farms [33] . Finally, crop uptake of N and P are subtracted from the estimated inputs, obtaining spatially explicit nutrient balances. The calculation of nutrient inputs at farm level from livestock data and the export of nutrients by crops at farm level follows the method described by Keller, Von Steiger, Van der Zee, and Schulin [34] .
The model couples different spatial datasets such as agricultural farm census data (Agrarpolitisches Informationssystem) [28] aggregated at farm level (livestock types and numbers, crop type, and area), and land use information (UAA) derived from satellite images. The former data are available since 1998 on an annual basis containing coordinates of the main building for each farm. However, the dataset does not contain any further spatial information about the location of the individual fields belonging to the farm. Thus, land use maps are required to allocate the agricultural area that belongs to each farm as stated in the annual farm census. We identified the main crop-type groups receiving most contrasting fertilization regimes by distinguishing arable fields and permanent grassland. Differences in fertilization strategies among crops were taken into account for the calculation of the nutrient balance at farm level. It is assumed that those differences are averaged out over the total arable land area because of a stringent crop rotation scheme; therefore, individual crops were not differentiated in a spatial fashion. On the other hand, we approximated the differences in fertilization strategies to be stable in space and time between arable land and grasslands. The spatial distinction between grassland and arable land was of great importance. Fertilization regimes for grasslands were adjusted according to the altitude derived from a digital height model [35] .
The integration of land use information in the land allocation process relied predominantly on three factors: 1) spatial resolution, 2) classification accuracy, and 3) parcels definition. These three aspects were crucial in processing the land use classification.
B. Land Use Classification
Land use classification process started by preprocessing the satellite images. Classification results were provided during the processing part and validated in a next step. Finally, postprocessing was applied to delineate information at parcel level (see Fig. 3 ).
1) Preprocessing: Landsat 8 data were selected as the best combination of sensor characteristics, i.e., spatial, spectral, temporal, and radiometric resolution, as well as the signal-to-noise ratio [36] - [38] . These sensor attributes influence the classification accuracy together with other criteria such as the land cover/use classes to be distinguished, costs, and time required to carry out the analysis, the scale of study [39] or meteorological conditions that limit image acquisition. In 2013, the launch of Landsat 8 assured the program continuity with two new sensors, one optical (operational land imager, OLI) and one thermal (thermal infrared sensor). OLI simultaneously records 11 spectral bands of which 8 bands within the visible, near infrared, and shortwave domain have a 30-m spatial resolution, and the panchromatic band 15 m; the remaining two thermal bands were not used [37] , [40] .
Two Level1T OLI images were recorded during June and July 2014 (path 195 and 194; row 27) , and used to differentiate permanent grassland and arable land. The image acquired in June (08/06/2014) was chosen to differentiate permanent grassland from other classes because the PEP program stipulates that extensive grassland must not be cut before the 15th of June. This image contributed to select a number of statistically representative fields to characterize the spectral response of this land use class. The second image acquired in July (19/7/2014) was selected to include more bare soil area, based on a stringent crop rotation scheme applied in Switzerland. Altering crop rotation patterns, therefore, allowed further identification of bare soil areas, indicating arable land. Hence, the combined use of two images acquired in a time frame with high bare-soil fraction leads to an effective discrimination of arable land. This largely occurred because most of the crops were recently planted (low cover fraction) or recently harvested (tillage effect).
Previous to image processing, atmospheric correction was applied for consistency among images, and transferability to other study regions [41] . Atmospheric effects were compensated deriving surface reflectance values using ATCOR-2 [42] .
The characteristics and geographic position of the study site allowed the use of an aerosol model based on rural areas. Other effects produced by illumination differences between images, i.e., bidirectional reflectance distribution function (BRDF), or topography effects were not considered because of similar image acquisition details (date and time) with a gap of one month, and the smooth topography, e.g., slope average 3%.
The heterogeneous mosaic of cultivated land and grassland in the study area required spatial resolution enhancement. Pansharpening was applied to merge the multispectral lower resolution image (30 m) with the panchromatic higher resolution image (15 m). The Gram-Schmidt algorithm was used because of its high spectral and spatial performance when fusing processes of multispectral and panchromatic images of the same spatial resolution sensor [43] .
2) Processing: Classification processes are based on identifying similarities and differences in the spectral domain and linking them to land cover categories [44] . A support vector machine (SVM) classifier was used because of its high performance [45] .
The algorithm is based on a binary classifier that can function as multiclass classifier [46] . Class separation was achieved by setting a penalty parameter, gamma function, pyramid levels, and classification probability threshold. The penalty parameter allows a certain range of misclassification. In this analysis, the maximum value was used (100) because it forced the classifier to allow no misclassification during the training process [47] . The gamma value was the inverse of the number of bands (0.333 using three bands) as suggested in similar studies [47] , [48] . Pyramid levels are used to establish a number of hierarchical processing levels, and it was set to zero, which means that the process was carried out at full spatial resolution. The classification threshold determined the probability at which pixels remained unclassified, and was set to zero, resulting in the classification of all pixels. Finally, the nonlinear radial basis function (RBF) kernel was chosen to provide the classifier with nonlinearity [47] , [49] . Three bands (OLI 2, 3, and 4) were selected because the RBF performs better, in terms of classification accuracy, when the input number of bands used in the SVM classifier is reduced [48] .
The classifier was trained using a dataset collected during field campaigns in April and July 2014. The sampling scheme followed a random approach combined with a systematic unaligned scheme. The stratified sampling approach is recommended when a minimum number of samples per class are selected [50] , and the random sampling scheme allows covering the whole area. The study region was divided in squares of 1 km × 1 km coincident with the coordinate system grid (see Fig. 1 ). Fields were determined applying a random selector to a priori information gathered from a previous vegetation mapping study accomplished in 2000 [51] . In case, points were not easily accessible or the land use of any particular field had changed in these years, an alternative field was randomly selected leaving at least a full pixel space between parcels to avoid spectral confusion.
Jeffries-Matusita (JM) distance and transformed divergence analyses [52] of the possible classes involved in the land use classification, i.e., arable land (bare soil, crops, and temporary grassland), and permanent grassland, were carried out to assure a good spectral separability among categories. These land use classes are defined in articles 18 and 19 of the Swiss ordinance about agricultural terms and exploitation forms [53] . According to this definition, our final legend was aggregated in the following land use classes: arable land formed by crops and leys (temporary grassland or grassland in rotation), and permanent grassland composed by permanent herbaceous surfaces, meadows, and pastures. The separability measurements range from 0 to 2. Values greater than 1.9 imply good separability between classes. Values ranging between 1.7 and 1.9 indicate fairly good separation. Values below 1.7 show poor separation and values under 1.0 suggest that two classes are effectively the same class [52] , [54] - [56] .
The JM values were used to define the minimum separability threshold between pair of classes because they were always lower than the transformed divergence values. The value 1.9 was considered as a good spectral separability, and 1.8 was set as the minimum threshold to exclude classes [57] .
Thirty fields were selected to carry out the separability analyses in both images. Crops were identified using an additional image from April to monitor the change in vegetation cover between that month and June and July, respectively. Field data were used to select temporary and permanent grassland fields. Bare soil samples, which were derived from airborne prism experiment [58] data close in time to the Landsat images, completed the dataset.
The results of these analyses (see Section III-B) defined the final land cover classes to carry out the study. The final sample size to train the classifier with the selected classes met the heuristic criterion dependent on the dimensionality of the input dataset (i.e., the selected Landsat bands) [59] . Hundred fields were selected to collect, a posteriori, polygons (5 pixels) to train and assess the classifier [60] . Two-thirds of the ground dataset collected in total, i.e., 165 sample polygons or 330 pixels were used to calibrate, leaving one-third for validation, i.e., 85 sample polygons or 170 pixels [61] .
Urban areas, buildings, forest, and roads at scale 1:25 000 [62] were used to mask out the images avoiding misclassifications and defining the agricultural area. A quarry and a lake were manually digitized and also masked out. The digital height model at scale 1:25 000 (DHM25) [35] was used at 30 m to study topographic effects on the images (see Section III-B.1).
3) Accuracy Assessment: The overall classification accuracy is commonly expressed as the percentage of the map area that has been correctly classified divided by the total number of validation samples, i.e., "ground truth" data [60] . The classification accuracy was estimated with confusion matrices and defined in terms of overall accuracy (OA)
TDCM is the total value of the diagonal in the confusion matrix and TVS is the total of validation samples. In terms of the Kappa statistic (K) [50] 
where N is the total number of validation samples, r is the number of rows in the confusion matrix, x ii is the number of observations in row i, and column i, x i+ is the marginal total of row i, and x +i is the marginal total of column i. The sampling error (SE) (3) and the confidence interval (CI) at 0.05 significance level completed the validation results (4) [63] :
The minimum level of accuracy required in the interpretation of land cover and land use information derived from RS data for planning and management purposes was set between 85 to 90 percent by Anderson [64] . The 85% minimum OA has been a land cover standard that still used today [15] . 4) Postprocessing: Segmentation: Parcels boundaries were obtained using a multiresolution segmentation algorithm Definiens V.7.0.1.872 [65] . Three segmentations with different scale parameters (25, 50 , and 100) were compared to analyze the sensitivity of the LMM to parcels delineation. The vector layer derived from the classification was used as boundary condition to spatially limit the segmentation process that subdivided each land use unit into parcels. The smoothness and compactness weighting parameters were set to 0.1. 
C. Impact of Land Use Information on the Land Allocation Process
The main contribution of RS to the reliability of the LMM is the improvement of the spatially explicit land use map and the subsequent land allocation in the LMM model. The land is now allocated following the land use pattern derived from the RS data. This criterion introduces an obvious constraint in land allocation processes: the parcels assigned to a given farm should match exactly the UAA managed by that farm [22] . However, the UAA as identified by RS might be close but not exactly the same UAA as stated in the annual farm census data. Therefore, correction factors were introduced separately for arable land and grassland areas to adjust any mismatch. These factors were estimated for each farm separately, comparing the UAA stated in the farm census data for that farm, and the UAA assigned by the land allocation procedure. The factors (F c ) will reach a maximum value of 1 only in case of perfect match; otherwise, nutrient input and output were rescaled
The term "nonallocated land" is used to define the portion of UAA that the model was not able to assign to any farms.
The effect of land use information on the land allocation process was analyzed qualitatively and quantitatively using three different approaches. First, the spatial patterns of land allocation resulted from the LMM with and without information derived from RS sources (i.e., farms census) were compared visually. Second, the effect of choosing different segmentations scales was assessed comparing the percentage of nonallocated land, and the processing time required to run the LMM with each of them. Third, the land allocation maps were compared with a confidential property map provided by the cantonal agricultural agency (AVZH), which is responsible for the annual farm census and the payment of the agricultural subsidies. This layer shows which parcels of land belong to a given property and provides land cover information, albeit incomplete. The property map was used to validate the land allocation map produced by the LMM (see Fig. 4 ). The two maps were overlaid and the common area (intersection) was computed. The intersection was computed farm by farm and separately for permanent grassland and arable land. The different origin and structure of Analysis applied to the Landsat 8 image acquire in July 2014 using seven bands (thermals and panchromatic not included).
these datasets made the comparison complicated. In fact, the property of a given field does not necessarily coincide with the management of that field. Thus, a semiautomated procedure and supervision by visual inspection was developed and used to exclude coarse errors. The distance between the farm building and the land allocated was taken as criteria to rule out unrealistic assignments that could occur while linking the two datasets (allocation maps and land property map). The allocation maps and land property map referred mostly to different information and were differently codified. UAA and livestock number were used as common fields for further comparison. Only 25 farms out of 250 (14% of the total UAA area) could be considered. The accuracy of the allocation map was estimated through an accuracy index (AI), AI = intersected area/tested area * 100. Four different land allocation maps were assessed: one produced without RS information, and the remaining three produced using the RS data segmented with three different scales.
IV. RESULTS AND DISCUSSION
A. Land Use Classification
For satellite images from similar acquisition times, preprocessing steps (atmospheric correction and spatial enhancement) and the spectral separability analyses reduced misclassification issues.
The spectral separability analyses demonstrated that crops and temporary grassland are not distinguishable as part of arable land, with JM values lower than 1.8 (see Tables I and II) . Consequently, bare soil is considered an indicator of arable land, and differentiated from grasslands in both images acquired in June and July.
The accuracy assessment of the classification suggests that the use of two land cover classifications (bare soil and grassland) from June and July helped to generate a land use thematic map of arable land and permanent grassland (see Fig. 5 ). The confusion Tables III, IV and V, respectively. The classification from June is slightly better than the classification carried out with the image from July, with overall accuracies of 99% and 98% and Kappa coefficients of 0.97 and 0.95, respectively. The Kappa coefficients indicate that the classifications are 97% and 95% better than random chance (see Table V ).
During the land allocation process, the high classification accuracy ultimately contributed to a low mismatch between the farm statistics and the land use dataset (see Section III-C). The accuracy was shown to be an important result due to the land allocation constraints. The a priori accuracy considered as a good input for the LMM, i.e., 85-90%, was not enough to achieve a low mismatch (5%) between the amount of UAA indicated in the farm census, with an accuracy of 95-100%, and the UAA obtained with the land use classification. The classification Selecting land cover classes with high spectral separability resulted in similar UAA between both datasets. The low mismatch avoids introducing coarse errors through factor rescaling. These classification results are regarded as accurate compared with other studies using the same classifier and similar parameters [47] , [48] . Presumably, the binary classification contributes to the high performance of the classifier thanks to the high spectral separability between bare soil and grassland (see Tables I  and II) . In fact, Knorn, Rabe, Radeloff, Kuemmerle, Kozak, and Hostert [66] achieved similar accuracies with a binary classification using an SVM classifier and Landsat images.
Overall, the comparison with the UAA gathered from farm census data shows that the classification provided a very good estimate of the available agricultural area (2 ha, 0.05% overestimated). However, arable land is underestimated for about 10% (159 ha), and grassland is overestimated for about 6% (161 ha) using RS (see Table VI ). There was a 4% mismatch in relative terms between the farm census data and the classification derived from RS. The farm census reported 40% of arable land and 60% of permanent grassland for the year 2011, while in the classification from 2014, 36% of the area was labeled as arable land and 64% was assigned to permanent grassland.
We attribute the overestimation of grassland area to misclassification between cultivated lands, e.g., crops versus temporary grassland, and permanent grassland. This could not be avoided using only bare soil information from June and July. In Swiss agriculture, temporary grassland in crop rotation is quite important for the production of enough roughage in the winter. Thus, grassland seed combinations for one up to four years are often integrated in crop rotation. The accuracy of the classification might be improved if more than two time steps were considered in the classification algorithm to better distinguish temporary from permanent grassland in crop rotation. Considering the nutrient balances, this issue is quite important, as the temporary grassland is usually managed very intensively, i.e., 5-6 cuttings a year and 5-6 manure applications with biomass yields up to 13 tons dry matter per hectare (below 700 m a.s.l). Permanent grassland can also be used intensively, but in line with integration production programs, grassland systems might also be used moderately intensively or extensively. For instance, in light of the PEP requirements specified above, 7% of the farm area must be used extensively, i.e., only 1-2 cuttings per year without any fertilization. The accuracy of the classification made it possible to further subdivide the land use units using three different segmentation scales, i.e., 25, 50, and 100 [see Fig. 5(a), (b) , and (c), respectively]. The mean parcel size of arable land resulting from the three segmentation scales was: 0.14, 0.33, and 0.37 ha and the mean parcel size of grassland was: 0.21, 0.72, 0.91 ha for scales 25, 50, and 100, respectively.
B. Impact of Land Use Information on the Land Allocation Process
With regard to the three key components mentioned in Section III-A, implementation of RS techniques improved the land allocation performance. First, the use of spatially explicit information improved the spatial allocation output (see Fig. 6 ). When the land allocation was performed using only the farm census information, the land distribution followed a radial pattern as shown in Fig. 6(a) . Qualitatively, the RS derived thematic map provided a boundary condition in the spatial land distribution, resulting in a pattern that better followed parcel boundaries Fig. 6(b) .
Second, the high classification accuracies ensure consistency with the farm census survey, minimizing mismatches between the datasets.
Third, the use of a suitable spatial unit to define the parcel boundaries influenced the model computation time and the amount of nonallocated land. For segmented field sizes larger than the area given in the reference dataset (farm census), the nonallocated land class occurred during the allocation process. Thus, the number of fields or spatial units available to distribute the land depends on the segmentation scale chosen (see Table VII). Based on image interpretation, the comparison of the three scales and the land allocation assessment, we selected the segmentation 50 as the best input for the LMM. In addition, the parcel definition obtained with scale 50 represents the best tradeoff between the processing time and the nonallocated area. Quantitatively, 67 km 2 were processed in 27 min with 4% of nonallocated land. The computing time was reduced by 146 min (85%) on a Intel Xeon CPU, W5590, 3.33 GHz (2 cores) and RAM 24 GB computer compared to the more detailed scale (25) , while the amount of nonallocated land remained almost the same (see Table VII ). These results indicate that the computing time would be greatly reduced when processing large areas. This is the case when the LMM is applied to all Swiss agricultural areas, covering over 14 000 km 2 , i.e., 200 times the study area. Assuming a linear increase in processing time with area, the time saving amounts to 29 200 min (i.e., >20 days). However, the processing time of the land allocation grows exponentially because a squared matrix is used to compute the distance between farms and fields.
The AVZH property map was used to assess the performance of the land allocation procedure. In absence of land use information derived from RS (i.e., using only the farm census dataset), the AI of the land allocation procedure was 39% (see Section III-C). Nevertheless, when RS-derived land use information was used, the accuracy increased to 51%. In other words, every second farm field can be allocated correctly, while the other fields for a given farm are allocated to the vicinity. In relative terms, the total area correctly allocated increased by 16%. Despite the improvement obtained, these results should be seen as preliminary until a validation dataset can be obtained. Nonetheless, these results indicate a substantial positive influence of remotely sensed inputs on the land allocation performance. As mentioned in Section III-C, a persistent problem is that the spatial units of the field ownership do not always correspond to those of the land managed, and vice versa; this complicated our validation efforts.
In this study, multispectral information was selected as the best means for improving the land allocation step. However, the LMM could be further improved with the use of imaging spectrometers. Some studies have demonstrated the potential of these sources for the extraction of biophysical and biochemical parameters from the canopy reflectance [67] - [69] . The wavelength range 1500-1700 nm helps to establish relationships between nitrogen content and management practices, and simplifies nitrogen concentration estimation, as do wavelengths close to 2054 and 2172 nm [70] , [71] .
V. CONCLUSION
This study demonstrates the potential of using land use classification derived from RS data as spatially explicit input for agricultural management models. The LMM output is used for regional sustainable nutrient management and the formulation of related policies. We identified the importance of spatially explicit land use information for more precise allocation of farm practices, and identified three parameters that most influence the land allocation performance: spatial resolution, parcel definition, and classification accuracy. Pan-sharpened Landsat 8 OLI data made detailed parcel delineation possible, enabling the assignment of farm census data to specific fields and leaning to an improved land allocation pattern. During image segmentation, the selection of an appropriate spatial unit made it not only possible to reduce computation time, but also to substantially decrease the nonallocated land. The optimal processing cost for an area of 67 km 2 was established as 27 min, with a residual of 4% nonallocated land. Finally, the high classification accuracy reduced the mismatch with the farm census dataset, increasing the reliability of data assigned to each field for further nutrient balance estimation. Overall, the integration of RS data and derived products improved the performance of the land allocation process by 16%. We hypothesize that the use of more advanced methods such as imaging spectroscopy would further improve the assessment of detailed fertilization practices and, in turn, help to improve agricultural management estimates beyond the scope of the results presented here.
